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Executive Summary
Estimating the Size of an Illicit Drug Using Population

This report summarizes work that has been completed on the modeling com-
ponent of the Random Access Monitoring Of Narcotics Abusers (RAMONA)
project. The contract called for a review of the methodology used in the initial
Cook County study, and an assessment of whether some simpler model speci-
fication might be employed in the current design. A simulated system of drug
use and treatment-secking behavior was to be developed, and the ability of the
model to recover the parameters of the system was to be tested. Finally, the
model was to be applied to the original Cook County data to determine if any
signilicant differences in results exist. Taken together, these activities consti-
tute contract tasks A.l through A.4. This report is the deliverable product
associated with those tasks.

We began with a model of the drug use carecer that is based on a simple
expoucntial process. The model operates within a competing risks framework.
It assumes that an individual who initiates a spell of drug use has at any moment
some non-zero probability of entering treatment or ending his spell. The model
also assumes that data on drug use carcers are collected as drug users present
for treatment, and that as such the sample is truncated.

We then developed a system to simulate drug use and treatment-secking be-
havior. The mechanics of the system mirror the assumptions associated with our
model. Cohorts of individuals begin spells of drug use at regular intervals, and
at any time during thesc spells they are at risk of entering treatment or ending
their spell. The parameters of the process that gencrates drug use careers can
be manipulated, including the rate of spell incidence, the mean spell duration,
and the mean duration between treatment events. Taken together, these fac-
tors determine when the simulated population reaches equilibrium. Alternative
sampling scenarios can be implemented as well. The system thus allows the
duration of the sampling window and the length of the retrospective period for
the Life History Interview (LII) to be varied across trials.

We next examined the ability of the model to recover the parameters of the
simulation in a series of scenarios that varied the rate of spell incidence, the
mean spell duration, and the mean duration between spells. We found a very
high degree of concordance between model estimates and simulation parameters,
and the results of a typical scenario are provided in a later section of this report.
These findings tell us that if the simulation provides a rcasonable description
of the process by which people use drugs and seck treatment, then the model
will provide a correspondingly reasonable estimate of the size of the drug using
population.



Finally, we applied the model to the original Cook County data. This re-
quired that we develop a number of routines designed to read the LHI files and
assemble careers for individuals who had been sampled in that study. The rou-
tines allow alternative thresholds to be sct for the drugs that are of interest to
us. For the purposes of this rescarch, we adopted the same thresholds that were
used in the earlier work. Also, consistent with the intent of this task, we based
our estimates only on individuals whose career data were collected at treatment
programs. The principal objective was to estimate the rate at which drug users
generate treatment admission events. The Cook County study produced a rate
of about .15 per year, and our model produces a rate of about 0.14. The es-
timates thus appear to be reasonably close, particularly since no explanatory
variables were included in our analysis. Taken together with the results of the
simulation study, this outcome is very encouraging.

Over the course of the next year, we will examine various extensions of the
model that are likely to be relevant to the RAMONA estimation procedure. This
will involve following the protocol outlined above. We will develop a particular
model specification, test the ability of this model to recover the parameters of
some simulated system of drug use and treatment seeking behavior, and then
{where appropriate) apply the model to the Cook County data.

Iixplanatory variables will be introduced to allow treatment seeking behav-
ior to vary across individuals. The impact on the estimates of left censoring
will be examined as well. We know that the LHI must have a finite retrospective
period, and as a practical matter, we would like this to be as short as possi-
ble. In addition, the assumption that the rate of transition {from one event to
another remains constant. will be relaxed.  Allowing the rate of transition to
accelerate over the course of the spell, corresponding to a reinforcement, effect,
further generalizes the model. The advantages of bootstrapping versus analytic
techniques in developing standard errors for our estimates will also be assessed.



Estimating the Size of an Illicit Drug Using Population

Introduction

This report describes a method for estimating the size of an illicit drug
using population. The approach forms the basis for what is intended to become
a series of national estimates that will be developed under the Random Access
Monitoring Of Narcotics Abusers (RAMONA) program. 1t builds upon the
results of a feasibility study, funded by the Office of National Drug Control
Policy (ONDCP), and conducted in Cook County, Illinois '

The method compensates for two sources of underreporting commonly
associated with drug use surveys: That individuals are reluctant to acknowledge
illicit. behavior within the context of a research interview: and that individuals
engaged in illicit behavior may be diflicult to find in substantial numbers. It
deals with these problems by collecting information on the carcers of admitted
drug users who appear at certain locations, such as drug treatment programs,
in large numbers.? A Lile History Interview (LHI) is used for this purpose,
allowing respondents to report on spells of drug use, and on the timing of
various events that may occur during these spells.  Data from the LHI arc
used to build a mathematical model of the drug use carcer.?  The model allows
the rate at which drug users generate events of various kinds to be determined.
Sstimation then becomes a matter of dividing some known number of events by
the rate at, which individuals generate such events.”

The Cook County study produced estimates based upon three sources of
information, involving LHIs collected at booking facilities, treatment programs,
and homeless shelters. Generally, the results indicated that there were about
three times as many users of heroin and cocaine in that arca of the country
as onc would conclude if one were to rely upon more conventional sources of
information, such as the National Houschold Survey on Drug Abuse (NHSDA).

ISee Simeone, et al. (1997).

2 A number of authors have reported on the discrepancies that exist between self report data
and laboratory test results for the same individuals. Please see Harrison (1990); Hubbard,
Marsden and Rachel (1989); McNagny and Parker (1992); Mieczkowski (1990, 1992); Toborg,
et al. (1989); and Wish, O’Neil, and Baldau (1990).

3The LHI is a calendar instrument used to collect data on past events. For a detailed
discussion, please see Adams and Henley (1977); Anglin, lser, and Chou (1993); Freedman
et al. (1998); and Sobell, Sobell, and Riely (1988).

4For a discussion related to the career construct, please sce Anglin and Spedkart (1986);
Ball, Shaefer, and Nurco (1983); Becker (1963); Dai (1937); Hanlon, et al. (1990); Maddux
and Desmond (1986); Nurco, et al. (1988); Simpson and Marsh (1986); and Waldorf (1973).

®Among sampling statisticians, the general technique is called ratio estimation (please see
Cochran (1977)). The capture-recapture models that have been broadly applied in the field
of drug use prevalence estimation are special cases of ratio estimation. Please see Brecht and
Wickins (1993); Hser, Anglin, and Homer (1992); Jolly (1965); Seber (1965,1973); Simeonc,
Nottingham, and Holland (1993); Simeone, Rhodes, and Hunt (1995); Simeone, et al. (1997);
Wickins (1993); and Woodward, Bonnett, and Brecht (1985).



The study results also suggested that it would be possible to develop estimates
of the number of drug users with a more simple model specification, and based
upon data collected at drug treatment programs alone.

This paper examines these issues. We begin with the development of
a general model to use in estimation. The model is then tested in simulation,
the objective being to recover the parameters of drug use and treatment-secking
activity as they exist within a contrived reality. We then apply the model to the
Cook County data, for the purpose of demonstrating that comparable results
can be obtained using LIIIs collected at drug treatment programs alone. Finally,
we discuss directions for future research to be pursued under RAMONA.

An Approach to Measurement

The approach to measurement presented below allows us to view drug
use and treatment-seeking behavior as parts of an integrated data generating
process.  From this perspective, the carcers of individuals who seek treatment,
during a particular period of time provide a window into the entire population
of drug users, including those who do not seck treatment. during that period of
time.

Let N be the size of a stable illicit drug using population.  Suppose
all users who enter treatment over the course of a year are sampled and that
individual decisions to enter treatment are madce independently.  Define 7; as
the probability that the 7% illicit drug user was sampled. Then n, the number
of individuals sampled, can be specified as follows,

N
71:251- (1)

1=1
where
5 B I with probability =;
: Tl 0 wnth probability (1 — 7;) (2)
2(6;) m;
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An estimate of # from the sample will yield an estimate of the entire
drug using population. Let & be an estimator for /7, with variance, Var(a|n).
Then

N =n/r (5)

with
I(N) =N .
Var(N) =N |17 — ‘—(“AW—Z +n2Var(aln) (6)

The remainder of this paper pertains to the determination of an estima-
tor for 7, the average rate at which drug users generate treatment events over
the course of a year.  Since this average must be taken over all drug users, its
estimation is problematic in that those who do not enter treatment, at any point
during the study period are nnobservable. This implies that the only available
sample from which we can obtain our estimate is not random but truncated.

Our solution to this problem is based on two assumptions.  First, we
assume that the process which determines when an individual drug user chooses
to seck treatment possesses both a deterministic and a stochastic component.
The deterministic component may be related to the personal characteristics of
the user, such as gender, age, or race. We refer to this as the user profile. Sec-
ond, we assume that for users with a given profile, the only differences between
those who seek treatment during a particular period of time and those who do
not, are attributable to the stochastic component, or chance. If these assump-
tions are true. then we can learn much of what we need to know about the event
generation process from the histories of individuals who seek treatment during
the observation period.

There may be some drug users who do not seek treatment under any
circumstances.  This would indicate a fundamental split in the population
between those who are treatment susceptible and those who are not, leaving
us with the capability of estimating only the number of drug users who have
a non-zero probability of ever entering treatment.  While this is a potential
limitation of the approach, the problem may not be of great significance.

The Cook County rescarch proceeded {rom the assumption that as the
number of site types included in the sample increased. the size of the popula-
tion excluded from coverage would decrease.  The reasoning was simple. While
there may be some drug users who have zero probability of secking treatment,
there are relatively few who have zero probabilities of both seeking treatment
and being arrested (and by extension, fewer still who have zero probabilities of
secking treatment, being arrested, and experiencing some third type of event).



The results show that comparable estimates of the size of the illicit drug using
population were derived from the treatment admission and arrest samples, sug-
gesting that the marginal benefit associated with including more than one site
type may be low. We conclude from this that the approach described here 15
likely to provide suitable coverage of the population that is the intended object
of study for RAMONA.

The Model

The rate at which an individual generates treatment events can be said
10 summarize the durations between events.®  This is due to the reciprocal
relationship between the rate at which events oceur and the average length of
the durations. A high rate implies short intervals between events; the opposite
is also true.  Therefore, we can obtain the rate by estimating the parameters
of the process that generates treatment events or, more precisely, the durations

between events.

In general, the durations between events may not be distributed iden-
tically across a sequence of events.  The duration distribution may also vary
depending on the user profile. For simplicity of exposition. we will abstract from
all distinguishing characteristics other than the event number (we will abstract
from that distinetion as well in an example below). Define

[5(t) = Pr{t; < ty = the probability that the k" treatment event during
a continuous spell of drug use occurs unthin t
periods after the (k— 1™ event,

and

[ty = Pri{ty = t} = the probability that the ™ treatment cvent during
a continuous spell of drug usc occurs cractly t
periods after the (k— 1)™ cuent.

These distributions must incorporate the possibility that the user’s spell
may end before the L event occurs.  We therclore conceptualize drug use
behavior as a simple competing risks model.” At each point during the spell,
the probability that the user will seek treatment competes with the probability
that he will stop using drugs altogether.  To cover both of thesc possibilities,
we define

Frt) = Pri{t;, <t} = the probability that the kY treatment event occurs
within ¢ periods after the (k — 1)t event,

5Consider the relationship between a Poisson process and the exponential distribution.
“Please see Basu and Ghosh (1995).



and

I5:(1) = Pr{tag <t} = the probability that the individual ends his
spell within t periods after the (k — D event.

Following convention, we define F(t) to be the complement of (¢, or
I — [(1). Then we can specify I%(f), the probability that the &' treatment
event. occurs within £ periods after the (A — 1)1 event, given that the spell does
not end before time £, as®

Fre(t) =1 = (6 Far(t) (7)

We can define the density for the realization of /' events with specified
intervals within the total interval Yy, Yr| as

R, by L) = filty) falty) - fr(ix) (8)

where the sum of the t°s 15 T

Our goal is to estimate the parameters of the distribution of durations
between events, based on a sample of drug users obtained at treatment sites.
The latter is not a random sample of drug users in that it is characterized by
truncation. IHence, estimation based on (8) alone will produce biased results.
Such an estimate would overstate the rate, since at least one treatment event
is required to enter the sample. To eliminate this bias, we must condition on
the likelihood of entering the sample, that is, the probability that an individ-
ual whose spell of drug use began at Yy seeks treatment sometime during the
sampling period. Define

[Ya, Yu| = the sampling pertod;

T4 Y4 — Yo; the interval between the start of the spell

and the sampling period; and

R= Yg —Y4: the length of the sampling period.

We want to know the probability that the user experiences her & event
within a period of length ¢, For example, suppose k is equal to 2. Then the
probability that the user experiences her second event within a period of length
¢ is the probability that the sum of the first two durations is less than or equal
to t.

511 has been noted by several authors that depending on the sampling, the parameters of
both Fiand F5 may not both be identifiable. Please see Basu and Ghosh (1995).
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We can determine this by holding the first duration fixed at ¢, {inding
the probability that the second duration is less than or cqual to { — £, and then
integrating over all values of £} between O and {0 This gives us

Prity +t, <t} = / HilG) ot — y)dty (9)
Jo

Let. (. (t) represent the probability that the sum of the durations between the
uscr’s first & events is less than or cqual to . Then using (9) to determine
Pr{l;+to+ - +1lx <1} gives

[——81—52——"-*8}y 1)([.5’1‘-, ]"‘(i.?g([.%‘l (1())

If the rate of initiation into drug use remains constant, with spell start, dates
assumed Lo be uniformly distributed, then the probability of the user having an
evenl-—any event-—during a drug use spell of length 7" 15

By extension, the probability of the user having an event during the sampling
period i3

oG 0

P(R) = 3" Culla+ 1) = 3 Cil(T) (i

k=1 k=1

Then the likelihood of a particular observation occurring is

filty) faltz) - fulin)

LK, tq,- c
e Dot CelTa+ 1B) = 37500 Cr(T'a)

0) =

(12)

Testing the Model Through Simulation

We test the effectiveness of the model developed in the previous section
by applying it to a set of data simulated from a known distribution with one
parameter. For purposes of exposition, we choose the exponential distribution
to describe the length of the durations between treatment events.  We assume
further that this distribution remains constant across event number  truly the
simplest case. Hence, for A =1,2,..., I

flty =ae (13)

0



Depending on the problem at hand, the parameter a is alternately re-
ferred to as the transition rate, failure rate, rate of decay, or hazard rate. In the
present case, the simple exponential distribution possesses great heuristic value,
since as the reciprocal of the mean of the distribution, @ represents precisely
what we are looking for---the rate at which drug users, on average, generate
treatment, events.  For example, for @ = 0.025, the mean duration between
cvents is 40 months, implying that the typical drug user generates an average
of 0.025 treatment events per month.

The data gencrating process replicated by the simulation can be sum-
marized as follows.”  Time units represent months,  Fach month, cohorts of
identical size initiate spells of drug use.  Consistent with the competing risks
model, the behavior of each individual user is fully circumscribed by two inde-
pendent exponentially distributed random variables: (1) the duration until the
next treatment event, and (2) the duration until the end of the spell. Upon
initiation, realizations from cach distribution are drawn. If the realization of
the duration until the first event, is less than that of the duration until the end of
spell, then an event is recorded for that observation and a new interval of drug
use within the spell begins.  This process continues until a pair of draws pro-
duces a duration until end of spell that is less than the duration until the next

cevent.  Once the spell ends, no more activity for that observation is recorded.

In this example. we set the transition rate between eveuts, . equal to
0.030, implying a mean duration between events of 33.3 months: and we set the
transition rate to the end of spell, a,, equal to 0.020, implying a mean duration
of 50.0 months. Becanse the end of a spell of drug use can not be observed,
ay can not be estimated (see footnote 7). Once the population of drug users
reaches cquilibrium, a sample is drawn comprising all users who generate an
cevent during an arbitrarily chosen 12-month period. Their careers are censored
from the right at the point at which they enter the sample.  We seck to evaluate
from the sample the rate at which the simulated users generate cvents.

Because we know exactly how many drug users there are i the simu-
lated population, we can obtain 7 directly.  When 20 new spells are initiated
cach month, the system reaches equilibrium with a population of 1,301, These
individuals generate 384 events during an arbitrarily chosen 12-month period.
This yiclds a rate of 0.2952 events per drug uscr, per vear. Ilowever, the pa-
rameters of our simulation pertain to a month of drug use. We can convert. the
annualized rate to a monthly rate by dividing by the average number of months
that the drug users are active during the 12-month period, which is in this case
9.7555.  This yields a rate of 0.0302 events per month, almost precisely the
value of a;.

YA detailed description of the simulation model used Lo generate the data is available from

SAIL



Our simulated data collection procedure produces a sample of 327 users.
Based on equation (12), the log likelihood function is constructed as

327 K (e o] oG
O, by Vo) =D S T f(h) —In | D Ch(Th+ 1) =Y Cu(Th)
1=1 k=1 k=1 k=1

(14)
where I(, £y, -+, tg, and Yy arc now 327 x | vectors. We can substitute the
simple exponential distribution {13) into (14) and utilize the fact that the sum of
k independent exponentially distributed random variables with transition rate
a has a gamma distribution with parameters a and &. This yields

327 K G
(Rt ke Yo) = Y R e —a Yt =y [Cr(Th + R) = Ci(Th)]
1=1 =1 k=1

(15]

where

Equation (15) can now be maximized with respect to @ using standard maximum
likelihood techniques: the valiue obtained is 0.0291 19

An Example: The Cook County Data

Fstimating the parameters of equation (12) necessarily involves placing
some restrictions on the event generating process.  For the purpose of apply-
ng our technique to the Cook County data, we maintain the simplicity of the
exponential model described above.  Our goal is to determine how the result
based on this model compares to that obtained in the Cook County study. The
findings reported there indicate that drug users generate 0.15 treatment events
per year of drug use.!'  Because our interest is principally in the rate at which
drug users secek treatment, and because we want to test the model developed
in the previous section, we restrict the sample to only those LHIs collected at
treatment sites. This leaves us with 376 cases.  Istimating (15) for this sample
produces a value for a of 0.0117. This is the average number of treatment
events generated per drug user, per month of drug use. The average number
of treatment cvents generated per year of drug use is therefore 0.14.1% 'This is
very close to the estimate reported iu the earlier research.

USome of the simulated drug users experience additional treatment events within the 12-
month window. However, because the cases are right-censored at their first treatment in the
window, these additional events are not included in the analysis. This accounts for a small
downward bias in the estimate. Additionally, to reduce computation time, we limit the sum
in the denominator of (15) to 10.  Because the probability of experiencing more than 10 events
15 very small, the impact on the solution is barely detectable.

Uplease see Simeone, et al (1997).

12We note that the present analysis excludes explanatory variables that were used in the
Cook County study, as these data were not readily available. Therefore, our results may be
affected by omitted variable bias.



Extensions

Over the course of the next year, we will examine various extensions of
the model that are likely to be relevant to the RAMONA estimation procedure.
This will involve following the same protocol outlined in the preceding sections.
We will develop a particular model specification, test the ability of the model
to recover the parameters of some simulated system of drug use and treatment
seeking behavior, and then (where appropriate) apply the model to the Cook
County data.

Explanatory Variables

A critical extension of the model presented above s the ability to con-
trol for clements of the user profile that are most likely to produce systematic
variability in the rate at which individuals seck treatment. Previous research
suggests that such characteristics would include ethnicity, gender, age, and pri-
mary drug of abuse. Preserving the exponential distribution for the durations
between events motivates an exponential regression model where the error term
t/g(x;) 1= distributed exponentially with a transition rate of 1. Thus

Lifgle) « e(l) (16)

where g(r;) is the expected value of the duration between events, and x; is a
1 x p veetor of covariates.!® Tt is convenient to develop the model in terms of
the log-durations, y; = In(¢;). The model can be written as

Y = 13+ gy (17)

where 3 is a p x 1 vector of regression coeflicients and the £; are assumed
independent.  Fqguation (8) can now be replaced by

hIC, g, -+, yr,B1X) = L H?:] exp [(yik — T:08) — exp(yix — x:3)]

= exp | YL, S (i — i)

— i }:1{;1 explyix — :x:zﬁ)}
(18)

th

where X is the n x p design matrix and z; is the ¢*"* row of X.

Left Censoring

When the LHI does not extend back to the beginning of the user’s
current, spell of drug use, the spell is said to be left-censored.  This produces
an upward bias in the rate of treatment seeking if not taken into account. We
can climinate this bias by replacing f1(f) with 1 — /7{t), representing the fact

HPlease see Viveros (1995) and Greene (1993).



that the only information we have on the first duration is that it is at lcast of
length £,

Reinforcement Iffects

Another extension relates to the relaxation of the assumption that the
distribution of durations is constant across the user’s sequence of treatment
events. A simple choice for allowing fi(¢) to vary i1s to assume that the mean
duration rises or falls with the number of events already experienced, implying
the presence of contagion.'* Following Coleman, equation (13) can be general-
1zed to yield ‘

Fielt) = la+ (k= 1)p] e wriDw (19)

Although the simple exponential distribution provided an adequate fit to
the Cook County data, we should be prepared to consider alternative functional
forms if appropriate.

Standard Errors

Within the maximum likelihood framework, the computation of stan-
dard errors is based on the asymptotic covariance matrix for the maximum
likelihood estimator. In general, the latter matrix is the inverse of the informa-
tion matrix, 7(0), which is the negative expected value of the matrix of second
derivatives of the log likelihood function with respect to 6. Thus

2 1
\ S ofIn L) .
(] =< ~—F [—i — (20)
[ 0000
[iven 1n the single parameter case, with In /. delined in equation (15
{ 1 :

above, this is an extremely cumbersome computation.  Moreover, its linite
sample properties are unknown.  For example, in order for the asymptotic
theory of maximum likelihood to be applicable, the sample size must be large.
However, it is difficult to know exactly how large. In cases similar to the
preseut. one, a number of authors have recommended a techinique known as
bootstrapping for the purpose of deriving standard crrors for the parameter

15

estimates. Bootstrapping permits the estimation of standard errors based

purely on the finite sample behavior of the available data.

MFor a definition and examples of contagious processes, please see Coleman (1964) and

Allison (1980).
15Please see McLachlan (1995) and Zacks (1995).
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